ABSTRACT In the past decades, crossbreeding has been widely used to improve productivity in plant and animal husbandry. With the rapid implementation of genomic selection (GS) in these industries and a decrease in the cost of genotyping, genomic prediction (GP) with data from crossbred populations is an emerging research interest. Using a crossbred population derived from a cross between White Recessive Rock (WRR) and Xinghua (XH) chickens (n = 473), the predictive ability and selection differential of conventional best linear unbiased prediction (BLUP) and 3 GP methods (GBLUP, RKHS, and BayesB) were compared. All chickens were genotyped by a 60 K SNP chip. Twenty traits containing body weight (BW) at 1 to 90 d of age, breast muscle weight (BMW), leg muscle weight (LMW), wing weight (WW), and average daily gain (ADG) of different periods were analyzed. The accuracy of GP was higher than that of conventional BLUP for 18 out of 20 investigated traits. The average selection differential on BW selected with GP methods was greater than that from conventional BLUP, with a proportion selected varied between 5 and 30%. Overall, the GP methods outperformed conventional BLUP for both predictive ability and selection effect in the tested crossbred chicken population. Using genomic data from crossbred populations could potentially benefit the decision making for the purpose of marketing or breeding within crossbred population.
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INTRODUCTION
With the rapid development of molecular biology technology, high-density SNP chips have been used in genotyping for several major livestock species (Matukumalli et al., 2009; Ramos et al., 2009; Groenen et al., 2011) . The genetic and phenotypic values of a genotyped individual can be predicted using the genotypes and phenotypes from a reference population via a prediction method termed genomic selection (GS) first proposed by Meuwissen et al. (2001) . Over the past decade, GS has developed rapidly (Meuwissen et al., 2016) and has been used in world-wide dairy cattle breeding (Hayes et al., 2009) . The advantages of GS, including accelerated genetic improvement (Daetwyler et al., 2007) and saved cost of breeding (Schaeffer, 2006) have been confirmed. Estimates of breeding value utilizing genomic information are more accurate (Muir, C 2007; VanRaden et al., 2009; Meuwissen and Goddard, 2010; Vazquez et al., 2010; Resende Jr. et al., 2012) than the method using only pedigree information, usually termed conventional best linear unbiased prediction (BLUP) (Henderson, 1975) . Genomic selection has become a research focus in breeding of animals (VanRaden et al., 2009; Vazquez et al., 2010; Calus and Veerkamp, 2011) , plants (Resende Jr. et al., 2012; Xu et al., 2014) , and in aquaculture (Nielsen et al., 2009; Sonesson and Meuwissen, 2009) .
Global food demand is rising due to improvements in standards of living and a growing world population. It is necessary to satisfy this demand by boosting productivity. Crossbreeding is an important approach to improve productivity in plant and in animal husbandry. Advantage of crossbreeding in livestock production has been verified (Vandenplas et al., 2017) . In crossbreeding production systems, the breeding objective in the purebred nucleus herd is to improve the performance of terminal crossbred individuals (Esfandyari et al., 2015) . Using crossbred data in genomic prediction (GP) could potentially increase the selection response for crossbred performance in purebred animals for production traits, which are difficult to be measured and low genetic correlations between purebred and crossbred performance (Lopes et al., 2017) . In these situations, the breed specific SNP effect should be given much attention in GP models. This could be addressed by estimating genomic breed composition of individual crossbred animals (He et al., 2018) . Recently, many studies have examined the applications of GP to hybrid plant breeding in wheat (Triticum aestivum L.) (Zhao, et al., 2013) , maize (Zea mays Linn.) (Albrecht et al., 2014) , rice (Oryza sativa) (Xu et al., 2014) , and rye (Secale cereale L.) (Bernalvasquez et al., 2014) . However, seldom studies have addressed the performance of GP in crossbred animals with data from crossbred population.
The main objective of this study was to evaluate the predictive ability of GP with data from crossbred population in a crossbred chicken population. The results can provide useful prior knowledge for the future implementation of GP with crossbred data.
MATERIALS AND METHODS

Chicken Population Establishment, Phenotype Collection, and SNP Genotyping
The chicken population used in our study was derived from a cross between the White Recessive Rock (WRR) and the indigenous Chinese chicken breed Xinghua (XH). White Recessive Rock was a fastgrowing chicken line from a commercial company in Guangdong, China, while XH was slow-growing and from Gongdong, Jiangxi Province, China, respectively. We used 9 females and 7 males of XH and eight females and nine males of WRR to form the parental generation. We obtained a total of 473 birds (242 males and 231 females) in 17 full-sib families from 6 batches for further investigation.
Chickens were humanely sacrificed as necessary to ameliorate their suffering, in strict accordance with good animal practice following the Administration of Laboratory Animals of Guangdong Province, China. The body weight (BW) of all 473 F2 individuals was measured at hatching and 7, 14, 21, 28, 35, 42, 49, 56, 63, 70, 77, 84 , and 90 d of age (denoted as BW1, BW7, BW14, BW21, BW28, BW35, BW42, BW49, BW56, BW63, BW70, BW77, BW84, and BW90, respectively). All individuals were slaughtered at 90 d and breast muscle weight (BMW), leg muscle weight (LMW), and wing weight (WW) were measured. In addition, average daily gain (ADG) within the periods of 1 to 3 wk (ADG 1 to 3 wk), 4 to 7 wk (ADG 4 to 7 wk), and 8 to 13 wk (ADG 8 to 13 wk) were calculated. Genomic DNA for all individuals was extracted and genotyped using the 60 K SNP Illumina iSelect chicken array containing 57,000 SNPs (Stefan andÖrjan, 2010; Groenen, et al., 2011) . Genotyping of the SNPs was carried out by DNA LandMarks Incorporation (Quebec, Canada). A total of 42,819 SNPs remained after quality control with the criteria of SNP call rate > 95%, non-Mendelian error rate < 2%, minor allele frequency > 1%, and HardyWeinberg equilibrium P-value > 0.00001. We then imputed the missing genotypes using beagle 4.0 software. Detailed information about this research population is described in Xie et al. (2012) .
Genetic Values Prediction Models
We utilized BLUP, GBLUP (genomic best linear unbiased prediction), RKHS (reproducing kernel Hilbert spaces regression), and BayesB approaches (all of these approaches impose genomic information, and are called GP models, except BLUP) to predict genetic values of genotyped individuals.
These prediction model, with the exception of BayesB, can be written as:
where y is an n × 1 vector of adjusted phenotypes; μ is the overall mean; g ∼ N (0, σ (1) the numerator relationship matrix A (Henderson, 1976) calculated with the pedigree of the population for BLUP, (2) the genomic relationship matrix G calculated for GBLUP in accordance with methods from VanRaden (2008), (3) the kernel matrix with Gaussian kernel for RKHS, from the methods of Gianola et al. (2006) .
Variance components of the model used in the crossvalidations (CVs) later on and heritabilities were estimated using average information restricted maximum likelihood (AI-REML) (Jensen, et al., 1997) via the regress package (Clifford and McCullagh, 2014) in R statistical platform (R Development Core Team, 2016) .
For the BayesB approach, the models can be expressed as:
where y, μ, and e are the same as in model 1; M is an n × p matrix of marker codes with values equal to −1, 0 and 1 to indicate the marker genotypes aa, Aa, and AA, respectively; s is an p × 1 vector of SNP effects and the prior distribution of marker effects i was assumed as
was assumed to be 0 with probability of π or an inverted chi-square distribution with probability of (1-π). Calculation of the BayesB approach was accomplished using BGLR (Pérez and Campos, 2014) package in R statistical platform (R Development Core Team, 2016). The phenotypic values of all traits were adjusted for the fixed effects (such as sex and batch) using a mixed modelȲ = Xb + u + e, whereȲ is a vector of phenotypic values; b is a vector of fixed effects; X is a design matrix corresponding to b; u ∼ N (0, σ 2 u G) is a random effect vector, where G is the genomic relationship matrix (VanRaden, 2008) ; e ∼ N (0, σ 2 e I) is the residual term. Variance components were estimated using AI-REML via the regress package (Clifford and McCullagh, 2014) in R statistical platform (R Development Core Team, 2016). The adjusted phenotypesȲ − Xb were used for model evaluation in this study.
Assess of Predictive Ability
A 10-fold random CV was used to assess the predictive ability (i.e., the accuracy) of different models. For each replicate of a 10-fold CV, individuals were randomly divided into 10 groups on average. One group (n = 47) is used as validation set and other 9 groups as reference set. That is, the genetic values of all individuals were predicted using data of the reference population. Predictive ability of the models was measured by calculating the Pearson's correlation coefficient of predictive genetic values and phenotypic values corrected for fixed effects in the validation population. The CV was replicated ten times.
Comparison of the Selection Differential
The effect of different models on selection was measured by selection differential, which is defined as the mean phenotypic value of the individuals selected expressed as a deviation from the population mean of all the individuals before selection was made. We compared the selection differential of using genomic information approaches (GP models) and the approach without genomic information (BLUP). For the GP models, we listed only the best approach under each case. We then sorted the predictive genetic values of all the individuals in descending order and calculated the selection differential of different proportion selected (5 to 30%) for each BW trait under each model. For each BW traits, the selection differential S for different proportion selected p will be calculated with the formula S =M p −M, whereM p is the mean phenotypic value of the individuals selected under proportion selected p;M is the population mean. Table 1 shows descriptive statistics and heritability for all traits. The average BW of chickens rose steadily from hatching to 90 d. Similarly, the standard deviation of BW increased with time. There was a similar trend in ADG traits. Heritability estimated from pedigree (A) on the first 3 traits (BW1, BW7, and BW14) was higher than that estimated from genotypes (G). Figure 1 shows a heatmap for the Pearson's correlation coefficients between traits. The correlation coefficient is low (r < 0.3) between BW1 and other traits. There was a substantial correlation (r > 0.5) for BW, except across BW1, BW7, and BW14. The Pearson's correlation coefficients were extremely strong between 
RESULTS
Statistical Summary of all Traits
Predictive Ability Using Different Methods
Results of the prediction accuracy under different models drawn from 10-fold CV analysis are listed in Table 2 . Predictive ability for 18 out of 20 traits was relatively high using GP models. Among the 3 GP methods, BayesB performed best, with a mean accuracy of 0.503 across all traits, followed by GBLUP (0.501) and RKHS (0.498). The accuracy of BLUP was higher than GP models for BW1 and BW7. For BW14 to BW28, BW42, and ADG 1 to 3 wk, GBLUP outperformed the other 3 methods. Genomic best linear unbiased prediction and BayesB predicted equally well with an accuracy of 0.506 ± 0.013 for BW35. The predictive ability of RKHS remained relatively higher than BLUP for 18 out of 20 traits, although it was relatively poor within the 3 GP methods. 
Selection Differential on Body Weight
To further investigate the effect of different models on selection, the selection differential was calculated under different proportions selected (5 to 30%) on BW traits (Figure 3) . Overall, the selection differential of BW increased with days of age, irrespective of proportion selected, and method used to predict genetic values. When considering selection method, the selection differential under all proportions selected was higher for GP methods than for BLUP. For GP methods, the selection differential rose with the reduction of proportion selected. Likewise, a similar trend was observed for BLUP. The difference between the GP methods and BLUP increased gradually with days of age. The selection differential for BLUP under proportions selected of 5 and 10% fluctuated from BW49 to BW70. In addition, the selection differential for most cases was lower in BW90 than in BW84.
DISCUSSION
An optimal GP model should provide the highest accuracy possible to predict candidate genetic values. The predictive ability of a model is a key evaluation criterion for model selection in the practice of GP. It is clear from our study that the predictive ability of GP methods outperformed conventional BLUP in predicting crossbred performance from crossbred data in a chicken population. Similar results were observed for growth and carcass traits in a study of triple-yellow chickens by Liu et al. (2014) . Likewise, in a purebred pig populations, Meuwissen et al. (2014) confirmed that use of genomic relationship matrices yielded significantly higher prediction accuracies than did pedigree relationship matrices. Factors affecting the accuracy of GP are the size of the reference population (Zhang et al., 2015) , the genetic architecture of the population, the heritability of the trait (Noshahr et al., 2017) , the density of SNPs (Ober et al., 2012) , quality of genomic information (Gao et al., 2017) , and so on. It should be noted that random regression model would further enhance the performance of GP for the growth profile traits (BW1 to BW90) in the present study. Though this was an interesting topic for GP, it was not the objective of the present study. We observed that though the heritability of BW1 and BW7 estimated from pedigree were much higher that from genetic markers, this advantage was not hold in prediction breeding values. These observation together suggested that the main reason caused the advantage of GP over conventional BLUP in the crossbred chicken population could be the efficiently distinguishing full sibs from F2 deviation by genetic markers. Overall, the advantage of 3 GP methods over conventional BLUP for predictive ability in the crossbred chicken population indicated that genomic information from crossbred population is helpful for GP within crossbred population.
In addition, we compared 3 GP methods in our study to evaluate the predictive ability of different GP models in the crossbred population. The BayesB method outperformed GBLUP for growth traits in the present study. Zeng et al. (2012) also observed that the Bayesian approach was superior to GBLUP when the underlying genetic architecture of the trait of interest is unknown. Though the RKHS method performed worst among the 3 tested models in this study, it performed slightly better than the Bayesian methods and GBLUP in other studies (Gota and Daniel, 2014) . The observed advantage of RKHS was possibly due to the ability of the kinship matrix of RKHS (K) to capture the signal from a specific gene action (e.g., dominance effect) (Gota and Daniel, 2014) . Though the relatively lower density of markers and specific population structure used in this study prevented a comparison with results from other similar studies, these results would provide valuable information for a more comprehensive understanding of the performance of different GP models.
Besides the predictive ability on genetic values, the effect of selection on the phenotypic values was also compared between GP models and conventional BLUP to evaluate the contribution of genomic information. The trends of both GP and conventional BLUP are concordant with the breeder's equation, indicating the appropriateness of the overall experimental design of the present study. The selection differential of the GP models was larger than that of conventional BLUP for most traits, which is mainly due to the relatively high predictive ability of GP models. These results together suggest that using genomic information from crossbred population could possibly benefit the decision making for the purpose of marketing or breeding.
Following the first GS paper illuminated by Meuwissen et al. (2001) , thousands of research papers were published in this topic. And most of them were focused on a specific technical point in the application of GS in purebred population, which is the most important part in livestock breeding. Though the application of GP in crossbred population was less emphasized, the potential usage exist in many situations regardless the point of view of genetic improvement in purebred. With the increasing volume of data collected from purebred/crossbred population and the decreasing genotyping price, the GP in crossbred would be given much attention. In livestock, GP is a promising tool for predicting traits, especially for longitudinal traits, sex-limited traits (such as age at marketing weight, and milk/egg production) in crossbred population. It is suggested to make up reference sets from crossbred animals rather than pure lines in GS to obtain better selection response, when crossbred descendants are derived from 2 distantly related lines (Esfandyari et al., 2015) and when genetic correlations on trait of interest are lower between purebred and crossbred population (Lopes et al., 2017) . Additionally, researchers proposed methods to estimate the genomic breed composition to improve the predictive ability of GP in crossbreeding (He et al., 2018) .
CONCLUSIONS
We compared the predictive ability on genetic and phenotypic merits of 3 GP methods with conventional BLUP on growth and carcass traits in a crossbred chicken population. Overall, the GP methods outperformed the conventional BLUP for both predictive ability on genetic merits and selection differential in the tested crossbred chicken population. Adding genomic data in prediction models could be beneficial for predictive ability and selection differential within crossbred population.
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